, a nonuniform color space, is almost universally accepted by the image processing community as the means for representing color. On the other hand, perceptually uniform spaces, such as , as well as approximately-uniform color spaces, such as , exist, in which measured color differences are proportional to the human perception of such differences. This paper compares with and in terms of their effectiveness in color texture analysis. There has been a limited but increasing amount of work on the color aspects of textured images recently. The results have shown that incorporating color into a texture analysis and recognition scheme can be very important and beneficial.
I. INTRODUCTION
T HE USE of the space for representing image data is very common in image processing research, dictated primarily by the availability of such data as produced by the camera apparatus.
, however, is not a perceptually uniform space in the sense that differences between colors (i.e., Euclidean distances) in the three-dimensional (3-D) space do not correspond to color differences as perceived by humans [1] .
For this reason, the international committee on colorimetry (CIE: Commission Internationale de l'Eclairage) has defined two perceptually uniform color spaces, namely, and [1] . Further, the (Lightness, Chroma, Hue) and (Hue, Value, Chroma) color spaces have been formed as derivatives of [22] , [23] . Another, approximately-uniform color space is (Hue, Saturation, Value) [8] . One of the reasons inhibiting these spaces from being widely used in image processing tasks is their noise-sensitivity due to the nonlinear transformations involved [5] . In addition, their nonlinearity poses a computational complexity problem [8] . Perceptually uniform spaces have been used in some instances for image processing [5] , [22] , [23] with the main Manuscript received August 25, 1999; revised February 22, 2001 . The associate editor coordinating the review of this manuscript and approving it for publication was Prof. Robert L. Stevenson.
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justifications for their use being their intuitive appeal to humans and their provision for isolating the luminance component [22] . However, there has not been a study that justifies the use of such color spaces in terms of their effectiveness compared to using . In this work, we present an evaluation study that compares two of these color spaces, and , against , in terms of their effectiveness in color texture analysis (classification/segmentation). A color texture is a spatio-chromatic pattern, which may be defined as "the distribution of colors over a surface," as opposed to gray scale textures where only luminance is considered. There has been a limited but increasing amount of work on the color aspects of textured images recently [2] - [5] , [15] - [20] , [22] , [24] . The results have shown that incorporating color into a texture analysis and recognition scheme can be very important and beneficial. Our scheme uses a set of Gabor filters that extract local orientation and scale information from different color bands. Gabor filters have been shown to parallel early stages of the human visual system in the detection of features of this type [14] , [21] . The evaluation is based on classification performance, as well as on classifier-independent measures. Classification is performed using a minimum-distance/nearest-centroid scheme, i.e., pixels are classified to the nearest class based on distance from the pre-computed class feature centroids. Non-classification-based evaluation is also performed using the Bhattacharyya distance figure of merit. Results on a variety of color texture images are presented showing superior performance of the perceptually uniform spaces over in many cases. The rest of the paper is organized as follows. Section II presents the three color spaces. Section III provides the theoretical motivation. Section IV describes the evaluation approach, while Section V presents the results obtained along with observations. Finally, conclusions are presented in Section VI.
II. COLOR SPACES
Typically, the raw image data are given in the space. 
, , and represent a reference white as defined by a CIE standard illuminant, in this case, and are obtained by setting in (1) . , an approximately-uniform space, is defined directly on . Given a triplet , the corresponding triplet is determined by the algorithm shown in Table I [8] .
III. THEORETICAL MOTIVATION
The first and fundamental processing stage in our color texture analysis methodology is based on the mechanism of filtering. Filtering in the discrete domain is essentially defined as the sum of products (of a certain image property measured within part or the whole of an image). For an image window of size , the filter output is defined as follows: (4) where is the filter coefficient corresponding to, and is the value of, pixel . To characterize textural properties, a set of Gabor filters is used [6] , [12] , [13] . Gabor filters have been shown to parallel the mechanisms employed in the early stages of human visual perception [14] , [21] . A Gabor filter is a modulated Gaussian and is defined at image coordinates ( ) as follows: (5) The coefficients of a typical Gabor filter are divided into positive and negative ones. Separating the negative from the positive terms, can be put in the following form: (6) Let us consider the color space and assume that the pixel values are color values [e.g., ]. Filtering the three color components separately yields (7) By using a more simplified notation, (7) may be written as (8) Taking absolute values and summing yields (9) On the other hand, let us consider the two color sets corresponding to pixel sets and as two extended points in color space, i.e., and . Their distance is defined as follows: (10) (An extended point representing a set of pixels may be thought of as the line that connects the individual color points in color space, where each individual color point represents a pixel of the set. Thus, the distance between two extended color points is the set of distances between the corresponding individual color points.) Thus, the filter output for a window is a weighted color difference. Since color differences in a perceptually uniform color space are proportional to humanly perceived differences, we expect that a uniform color space will provide a better and more accurate characterization of color textures compared to a nonuniform space.
It should be noted that the use of distances instead of is made for the purposes of illustrating the analogy between filter outputs and color differences. Typically, in color science distances are used when measuring color differences. However, in this study (i.e., in the experimental evaluation) color differences are not utilized explicitly. Thus, the "perceptual uniform" property of these color spaces is expected to factor into the processing and final results.
IV. EVALUATION METHODOLOGY
The evaluation methodology is based on the general idea of pixel-level classification. A set of color texture features is extracted at each pixel in a given image. The set of features (feature vector) thus defines a multidimensional space in which points corresponding to feature vectors extracted from pixels of the same image are expected to be in the same vicinity, thus forming a multidimensional cluster. Ideally, there will be a 1-1 mapping between color texture images and feature clusters.
The color texture features are extracted through a Gabor filtering scheme with three scales and four orientations [recall (5)]. Following [2] , the scale parameter is determined by the following recursion: (11) where is the half-peak orientation bandwidth (set to 40 ). The orientations ( ) we use are 0 , 45 , 90 , and 135 , for a total The evaluation procedure is divided into two parts. The first part applies the method from the previous section, which consists of computing Gabor measurements for each of the three color components (that is, 12 filters 3 components 36 filter outputs per pixel) and taking absolute values and adding corresponding triads of filter outputs (yielding 12 filter measurements per pixel [see (9)]). Since our aim is to compare the effectiveness of the color space, and not particularly that of any given classifier, we use the Bhattacharyya distance figure of merit [10] , [11] , for a classifier-independent comparison. For two classes with means and , and covariance matrices and , as measured in a color space , the Bhattacharyya distance is defined as follows [9] : (13) where signifies matrix determinant. measures the pairwise separability achieved by a certain set of features without the need to perform costly classification. In addition, given two color spaces and , their average -difference over all possible color texture class pairs is used as an overall indicator of effectiveness, and it is defined as: (14) where is the number of color texture classes considered.
In the second part of the evaluation, classification is performed based on the complete set of Gabor filter outputs, i.e., using each of the three color component filter outputs separately , the normalized Euclidean distance of the feature vector from the class is (15) V. RESULTS Several tests have been performed with the set of 50 color textures shown in Fig. 1 , where each of these images represents a color texture class. The various tests have been applied on three sets of classes, namely, the first ten, the first 20, and all 50 classes (note: the numbering of images in Fig. 1 starts at the upper left corner and continues in a left-to-right, top-to-bottom fashion).
In the first part of the evaluation, comparative results based on the Bhattacharyya distance figure of merit (B-distance) have been obtained. The set of B-distances for the ten-class case is shown in Table II . It may be seen that in most cases the two perceptually uniform spaces achieve larger distances. Further, the average per class-pair difference of B-distances, as defined in (14) , between and each of the other two spaces has been measured. The measurements for the ( ) and ( ) cases Between the two, appears to be more effective in this respect, particularly as the number of classes increases.
In the second part of the evaluation, actual classification tests have been performed as outlined in the previous section (it should be noted that our aim is not to achieve the highest possible rates of correct classification but rather to compare the relative rates achieved by different color spaces). As initial experiments indicated, pure pixel-wise classification is bound to yield rather low correct classification rates due to inevitable overlaps in the feature space. Thus, block-based classification has been used instead, where the block (i.e., image window) used is pixels. The results for the different class cases are shown in Tables IV-VI. Average rates are also shown at the bottom row in each case.
In addition, Table VI includes results for the case when only the luminance component is used in each of the two perceptually uniform spaces, i.e., and . The rates achieved in these two cases are rather low and do not support the claim that texture can be characterized mainly by luminance. Inclusion of the full chromatic content amounts to a doubling (if not more) of the correct classification rates. Comparing the performance of the three color spaces, achieves the highest rates, overall, followed by , with coming in third. The only exception in this ranking order is observed in the ten-class case, where is by a small margin inferior to . In general, is superior to by at least a 10% margin, overall, while 's superiority to is merely by 3-4%. Finally, classification has been performed in the presence of noise, at three different levels. For each of the first ten color textures, 10%, 20%, and 50% of its pixels have been randomly per-turbed by uniform noise before performing classification. The corresponding results for these three cases are shown in Tables VII-IX, respectively. appears to be more resilient to noise, not only compared to , but also compared to .
VI. CONCLUSIONS
An experimental evaluation study has been presented that measures the impact of the use of different color spaces on the performance of typical color texture analysis methods such as segmentation/classification. In particular, two perceptually uniform/approximately-uniform color spaces ( , ) have been compared against the more traditionally used space. It has been shown that perceptually uniform color spaces have an overall performance advantage over . In particular, it has been found that performs better than both and in normal (i.e., no-noise) as well as noisy conditions. performs better than overall, but only when noise does not exist (verifying in this way its theoretically expected noise-susceptibility).
Thus, the evidence presented in this paper suggests that could be a superior color space compared to for color texture analysis. In addition, and specifically in noise-free conditions, may also be so.
